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Abstract: To address the color deviation and detail blur of underwater images caused by scattering and at-
tenuation when light propagated in the underwater environment, an improved U-Net global feature fusion
underwater image enhancement network was proposed. Firstly, a multi-residual convolution module was
designed in the encoder and decoder to fuse the feature information hierarchically to reduce the loss of de-
tail information. Secondly, the channel attention module was introduced into the decoder to weight the

channels to alleviate the problem of different degrees of channel degradation. Finally, a convolution-per-
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muted self-attention module was designed in the decoder to fuse the global information and promote the

network-guided image reconstruction. The proposed method was tested on UIEB dataset, and finally
achieved 23.42, 0.900 5 and 0. 138 5 on PSNR, SSIM and LPIPS, respectively. The results on LSUI
dataset were 29.35, 0.938 2 and 0.088 0 on PSNR, SSIM and LPIPS, respectively. Compared with

other commonly used underwater image enhancement methods on several public underwater image datas-

ets, the experimental results show that the proposed method has good effect in restoring color deviation

and reducing detail blur, which proves its effectiveness and feasibility.

Key words: underwater image enhancement; deep learning; feature fusion; attention mechanism; convo-

lutional neural network
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Fig.1 Underwater image enhancement network structure based on improved U-Net with global feature fusion
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Fig.2 Improved U-Net global feature fusion network en-

coder module network structure
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Tab.1 Experimental results on Test-U89 and Test-1.428 datasets
Test-U89 Test-1.428

Methods Params/M FLOPs/G Runtime/s
PSNR SSIM LPIPS PSNR SSIM LPIPS
UDCP — — 2.9700 12.75  0.6495  0.3329 14.46  0.7346  0.3403
SPDF — — 0.7800 19.76  0.8102  0.2267  20.72  0.8554  0.2402
WaterNet 1.09 35.71 0.0352 20.16  0.8240 0.1726  22.03 0.8754  0.2161
SCNet 0.82 47.11 0.174 0 21.50  0.8599 0.1872 21.15 0.8764  0.2164
STSC 25.29 373.22 2.6977 21.87 0.8738 0.1484  20.43 0.8569  0.2229
Semi-UIR 1.65 72.88 0.1107 22.56  0.8924 0.1761 21.13 0.8215 0.2512
Ushape 22.82 5.97 0.147 6 20.89  0.7775 0.2039  26.06 0.8865 0.1451
CCMSR 21.13 87.20 0.1634 21.79  0.8836 0.1785  20.61  0.8428  0.2408
Phaseformer 1.78 26.08 0.1652 22.40 0.877 3 0.1416 20. 90 0.8690 0.193 3
Ours 20. 68 223.54 0.1124 23.42  0.9005 0.1385 29.35 0.9382 0.0880
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Tab.2 Experimental results on Test-C60 and Test-UCCS datasets

Methods Params/M ~ FLOPs/G Runtime/s TestCe0 TestDees
UlQM UCIQE ulQM UCIQE
UDCP — — 2.9700 1.644 4 0.5458 2.2385 0.5453
SPDF — — 0.780 0 2.496 4 0.5704 3.0129 0.502 2
WaterNet 1.09 35.71 0.0352 2.6914 0.5807 3.103 6 0.573 5
SCNet 0.82 47.11 0.1740 2.5543 0.5621 2.8650 0.5424
STSC 25.29 373.22 2.6977 2.704 1 0.568 8 2.9122 0.536 2
Semi-UIR 1.65 72.88 0.1107 2.6849 0.587 6 2.967 6 0.558 5
Ushape 22.82 5.97 0.1476 2.5486 0.559 2 2.9830 0.5572
CCMSR 21.13 87.20 0.1634 2.7273 0.5752 2.9882 0.536 2
Phaseformer 1.78 26.08 0.1652 2.5824 0.5539 2.8157 0.5196
Ours 20. 68 223.54 0.1124 2.699 6 0.586 9 3.050 7 0.5619
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Fig.5 Comparison results on the Test-U89 dataset
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Tab.3 Super parameter sensitivity experiment of channel

attention module

Methods PSNR SSIM  LPIPS UIQM UCIQE

r=4 23.40 0.8992 0.1392 3.0950 0.6149
r==_8 23.30 0.9027 0.1401 3.1221 0.6151
r=16 23.42 0.9005 0.1385 3.1067 0.6154

AR A RO S R 45 2R, Y 8 E T )
BT b i B 4 R - BB 16, B A T R
Ber i R/ w BB 16, T RSk RO i
S Ol R o v R N o



330 e K TR %34 %
x4 EMBEIENERBSHHBMEIR
Tab.4 Super parameter sensitivity experiment of permuted self-attention module
Methods PSNR SSIM LPIPS uliQM UCIQE
w=8,n=38 23.47 0.899 6 0.1390 3.094 7 0.613 2
n=8,n=4 23.23 0.900 1 0.144 3 3.124 2 0.616 8
w=16,1=38 23.37 0.905 4 0.1393 3.124 1 0.6156
w=16,n=4 23.42 0.900 5 0.1385 3.106 7 0.6154
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Tab.5 Ablation experiment

Methods PSNR SSIM LPIPS ulQM UCIQE
Base 23.10 0.8956 0.146 4 3.1059 0.6105
Base+MRCB 23.18 0.899 6 0.142 4 3.1120 0.614 5
Base+PSA 23.24 0.898 5 0.144 5 3.104 9 0.6139
Full model (AP) 23.32 0.9001 0.1400 3.108 2 0.6125
Full model 23.42 0.900 5 0.1385 3.106 7 0.6154

Base+tMRCB

Base+PSAV Full model(AP) Full model

9 T T S TP A ] 9 55 245 A 1) 5 6 4 R

Fig.9 Experimental results of different network structures in ablation experiment
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